analysis, logistic regression etc. These methods may not identify the determinants correctly in medical systems, demography and quality engineering process, as the variance of the response may be non-constant, and the variance may have some relationship with the mean (12) (13) (14) (15) (16) (17) (18) . Generally, the above methods identify insignificant factors as significant and vice versa (12) (13) (14) , which is a serious error in any data analysis. The present study analyzes the relationship of neonate birth weight (response) to the mother's lifestyle explanatory variables. It has been identified that the response is nonconstant variance. Consequently, two models (mean and variance) are derived. This particular analysis identifies the following: Mean neonate birth weight is explained by the statistically significant factors, mother weight at last menstrual period, her race, smoking status during pregnancy, history of premature labor, history of hypertension and presence of uterine irritability. Mother weight at last menstrual period is positively associated with her neonate mean weight, indicating that if mother weight at last menstrual period increases, her neonate birth weight will increase. Mother race is negatively associated with her neonate birth weight. It indicates that neonate birth weight will be lower for black women than white. Mother smoking status during pregnancy is negatively associated with her neonate birth weight. This implies that higher smoking status of mother during pregnancy decreases her neonate birth weight. Mother history of premature labor is negatively associated with her neonate birth weight. It indicates that if the mother number of premature labor increases, her neonate birth weight will decrease. Mother history of hypertension and presence of uterine irritability are negatively associated with her neonate birth weight. This implies that if mother hypertension and presence of uterine irritability increase, her neonate birth weight will decrease. Variance of neonate birth weight is positively associated (statistical significant) with mother age, her history of hypertension and presence of uterine irritability. Thus, the neonate birth weight variance will increase with the increased of mother age, her hypertension and presence of uterine irritability. Therefore, the neonate birth weight variance will be lower for a mother with lower age, without hypertension and uterine irritability. Hosmer and Lemeshow (19) studied that the mother's lifestyle characteristics on her neonate birth weight based on the data described in Results Section. Similar study has been done by many researchers (1, 2) . To identify the appropriate model, the earlier investigators used logistic regression techniques. Hosmer and Lemeshow (19) also noted that the variance of the response (neonate birth weight) was non-constant, and its distribution was nonnormal. Therefore, the researchers used logistic regression techniques by changing the responses (neonate birth weight) 0 (= birth weight ≥2500 g) and 1 (= birth weight <2500 g). Original responses are neglected, consequently, early researchers might loose many important information. For heteroscedastic data, log-transformation is often recommended to stabilize the variance (20) . In practice, though, the variance is not always stabilized by this method. For example, Myers et al. analyzed "The Worsted Yarn Data" (13) using a usual (errors are uncorrelated and homoscedastic) second-order response surface design. Myers et al. (13) treated the response (y = T) as the cycles to failure (T), and also noticed that the variance was nonconstant and the analysis was inappropriate. Then using log transformation of the cycles to failure (i.e., y= lnT), the final data analysis had been done, and it was found that log model, overall, was an improvement over the original quadratic fit. The researchers noticed, however, that there was still some indication of inequality of variance. Recently, Das and Lee (14) showed that simple log transformation was insufficient to reduce the variance constant, and the investigators analyzed the data using joint generalized model. Das and Lee (14) found that many factors were significant and the log-normal distribution was more appropriate. For non-constant variance of response, classical regression technique gives inefficient analysis, often resulting in an error so that the significant factors are classified as insignificant. In addition, positive data are generally analyzed by log-normal and gamma models (12, 13, 21) . For instance, the analysis by Myers et al. (13) missed many important factors. This fault is very serious in every data analysis. The present authors notice that the original data set is positive, variance of the response is non-constant, distribution is non-normal, and original responses are neglected. These observations have motivated us to take up this .
Materials and Methods
The class of generalized linear models includes distributions useful for the analysis of some continuous positive measurements in practice which have nonnormal error distributions. The problem of non-constant variance in the response variable (y) in linear regression is due to the departure from the standard least squares assumptions. Transformation of the response variable is an appropriate method for stabilizing the variance of the response. Box (22) proposed for using linear models with data transformation. For example, when g are respectively the row vectors for the regression coefficients ß and γ in the mean and dispersion models. Cox and Reid (24), Lee and Nelder (25, 26) studied the parameter estimation of joint modeling of the mean and dispersion. These researchers have proposed to use the maximum likelihood (ML) estimator for the mean parameters ß and the restricted maximum likelihood for dispersion parameters γ. The restricted likelihood estimators have proper adjustment of the degrees of freedom by estimating the mean parameters, which is important in the analysis of data from qualityimprovement experiments because the number of parameters of ß is often relatively large compared with the total sample size. More detailed discussions of joint generalized liner models is given in (14, (25) (26) (27) (28) (29) .
Results

Data
Neonate low birth weight data set contains 189 observations on 10 variables. Study subjects (N= 189) were women (mothers), 59 of which had low birth weight babies and 130 of which had normal birth weight babies. This data set was collected at Baystate Medical Center, Springfield, Massachusetts during 1986. This is a complete data set which is given in the book written by Hosmer and Leme show (19) . A paired data set created from this low birth weight data may be found in the website lowbwtm11. dat and 3 to 1 matched data set created from the low birth weight data may be found in the website mlowbwt.dat.
Variables
Dependent variable:
The dependent variable in the present study is the neonate birth weight. 2. Independent variables: There are two sets of independent variables, qualitative and quantitative. Six independent variables (coded low birth weight, mother race, her smoking status during pregnancy, history of premature labor, history of hypertension, presence of uterine irritability) are qualitative, two are continuous (mother age and her weight at the last menstrual period) and one is discrete (number of physician visits during the first trimester) variables. The present study has neglected the coded low birth weight as an independent variable, as the original neonate birth weight is treated as the response variable.
Thus, the coded low birth weight is not shown in Table 1 . Table 1 presents a description of each set of items and how they are operationalized for the present study. A detailed data description is given in Hosmer and Lemeshow (19) .
Analysis and Interpretation
Generally, positive data are analyzed by log-normal and gamma models (12) (13) (14) 18, 21) , as the variance of some positive data set may have relation with the mean. Recently, log-normal and gamma models (13) are of interest in fitting positive data arising from quality-improvement experiments. Das and Lee (14) studied positive data for quality-improvement experiments, under both the lognormal and gamma joint generalized linear models. The present subsection displays the analysis of the above mentioned neonatal birth weight data using the joint log-normal models, where the neonatal birth weight is treated as the response variable, and the remaining other eight covariates are used as explanatory variables. Table  1 displays the independent variables and their levels. There are five factors, two continuous variables and one discrete variable. For factors, the constraint that the effects of the first levels are zero is accepted. Therefore, it is taken that the first level of each factor as the reference level by estimating it as zero. Suppose that αi fori = 1, 2, 3 represents the main effect of A. It is taken 1 0 α = , so that The present article aims to examine the effects of mother different personal (lifestyle) characteristics (explanatory variables) on her neonate birth weight, treated as the response variable. Thus, joint log-normal models as in METHODS Section is fitted, and the results are displayed in Table 2 . The selected models have the smallest Akaike information criterion (AIC) value in each class. It is well known that AIC selects a model which minimizes the predicted additive errors and squared error loss (30) . The AIC value of the selected models (Table 2) is 2980 + 2 ×14= 3008 (is presented here for verification of the present models). the fitted values. This is a flat diagram with the running means, indicating that the variance is constant under the joint GLM log-normal fitting. Figure 2 (a) and Figure 2 (b), respectively, display the normal probability plot for the mean and the variance model in Table 2 . Neither figure shows any systematic departures, indicating no lack of fit of the selected final models. The standard error of all the estimates (Table 2) are very small, indicating that the estimates are stable (29) . Table 2 shows the parameters mother weight at the last menstrual period, her race, smoking status during pregnancy, history of premature labor, history of hypertension, and presence of uterine irritability are statistically significant factors on her neonate mean birth weight. Mean neonatal birth weight will increase with the increase of mother weight at the last menstrual period, as it is positively associated with the neonatal birth weight. The race (1= White, 2= Black, 3= Others) of mother is negatively associated with her neonate birth weight. This indicates an inverse relationship between the mother race and her neonate weight. Thus, the neonate birth weight will be minimum at black and other race, but it will be maximum at white race. The smoking status (0= No, 1= Yes) of mother during pregnancy is negatively associated with her neonate birth weight. This indicates a reciprocal relationship of the smoking status of mother during pregnancy, and her neonate birth weight. So, the birth weight will be lower for a neonate coming from a smoker (smoking status, i.e., 1= Yes) mother during pregnancy than a non-smoker. Mother history of premature labor (0= none, 1= one, etc.) is negatively associated with her neonate birth weight. Therefore, neonate birth weight will be decreasing with the increasing value of premature of labor of mother. Mother history of hypertension (0= No, 1= Yes) is negatively associated with her neonate birth weight. Thus, the birth weight will be lower for a neonate coming (Table 2) 233 Figure 2 . The normal probability plot of the (a) mean, and (b) variance model ( Table 2) .
from a hypertension mother than a non-hypertension.
Mother presence of uterine irritability (1= Yes, 0= No) is negatively associated with her neonate birth weight. So, the birth weight will be lower for a neonate coming from a mother with the presence of uterine irritability than a normal mother (free of uterine irritability). Table 2 shows that the mother age, her hypertension and presence of uterine irritability are positively statistical significant with the variance of her neonate birth weight. Thus, higher mother age, her higher hypertension and presence of uterine irritability increase the variance of her neonate birth weight. Table 2 indicates that higher mother weight at the last menstrual period, her white race, non-smoker status, no premature labor, no hypertension, absence of uterine irritability, lower age will increase her neonate birth weight and decrease its variance.
Discussion
This article focuses on the determinants of neonatal low birth weight. Response data are positive, so the probability model is log-normal or gamma (21) . The response neonatal low birth weight is identified as non-constant variance (Table 2) . Thus, joint models of mean and variance are derived from log-normal distribution. The present article have examined both the joint log-normal and gamma models (14) . Observation indicates that the joint log-normal models fit much better than the gamma models, therefore, only the results of joint log-normal models are reported. Early researches pointed out that the variance of neonatal low birth weight was non-constant and its distribution is non-Normal (1, 2, 4, 19) . Early researchers have derived the mean model using logistic regression techniques based on coded responses. However, in the present study, both the mean and the variance models of neonatal low birth weight have been derived based on original responses. Some of the present results are supported by early researches (1, 2, 19) . However, some of the present results are little cited in the literature. For example, the present analysis first derived the determinants (mother age, her history of hypertension, presence of uterine irritability) of the variance of neonatal low birth weight. Moreover, some additional factors (such as mother smoking status during pregnancy, her history of premature labor, history of hypertension, presence of uterine irritability) have been identified in the mean model. As a result of this approach, this report attempts to remove some conflicts of earlier research reports. For instance, in the literature, there is a conflicting report of the age which effects on neonatal mean low birth weight (1, 2, 19) . However, Table  2 shows that age is partially significant (p= 0.063) with the variance of neonatal weight, but it is independent of mean. In epidemiology, partially significant factors (treated as confounders) may have some effects on the responses. Rich-Edwards et al. (2) , pointed (based on odds ratio) that the interaction effect of mother age and her race (or ethnic groups) is significant on her neonatal low birth weight. The present analysis shows that mother age is independent of mean neonatal weight but it is partially dependent on the variance (Table 2 ). To examine the interaction effect of mother age with her race, the results of an additional analysis are displayed in Table 3 . Table 3 shows that the interaction effect of mother age with her race is statistically insignificant. Confidence interval of the estimates are shown in Table 2 , as they are the final estimates, but these are not shown in Table 3 as they are not the final estimates. In addition, the earlier researches have identified that the number of physician visits during the first trimester of pregnancy is significant on neonatal mean low birth weight, but the present study has shown that it is independent of both the mean and the variance. The present analysis agrees with the effects of weight of mother at her last menstrual period and her race. This study shows that all the covariates (included in the data set) are important to explain the neonatal low birth weight except the mother number of physician visits during the first trimester of pregnancy. Finally, the determinants of 
Conclusion
An important conclusion has to do with the use of earlier used statistical models. While further research is called for, we find that the joint log-normal models (with nonconstant variance) are much more effective than either traditional simple, multiple, logistic regression and LogGaussian models (with constant variance), because they better fit the data. In short, research should have greater faith in this results than those emanating from the simple, multiple, logistic regression and Log-Gaussian (with constant variance) models.
To reduce the infant mortality due to low birth weight, this study suggests that a white mother with lower age should be a non-smoker, free of hypertension, free of uterine irritability, with higher weight at the last menstrual period and without any premature labor.
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